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 Dynamic simulation models for cyanobacterial hydrogen production process.
 Parameter estimation via dynamic optimisation.
 Proposed modiﬁed models exhibit higher accuracy for real process simulation.
 Interpretation of higher performance of CSTR over PFR for this process.
 Fed-batch processes are proposed as the optimal reactor operation.
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a b s t r a c t
Cyanothece sp. ATCC 51142 is considered a microorganism with the potential to generate sustainable
hydrogen in the future. However, few kinetic models are capable of simulating different phases of
Cyanothece sp. ATCC 51142 from growth to hydrogen production. In the present study four models are
constructed to simulate Cyanothece sp. batch photoproduction process. A dynamic optimisation method
is used to determine parameters in the models. It is found that although the piecewise models ﬁt
experimental data better, large deviation can be induced when they are used to simulate a process
whose operating conditions are different from the current experiments. The modiﬁed models are
eventually selected in the present study to simulate a two-stage continuous photoproduction process.
The current simulation results show that a plug ﬂow reactor (PFR) shows worse performance compared
to a continuous stirred-tank reactor (CSTR) in the current operating conditions since it lowers the total
hydrogen production. The ﬁnding is that nitrate and oxygen concentration change along the direction of
culture movement in PFR, and hydrogen is only generated in the zone where both of them are low. The
reactor area thereby is not well utilised. Additionally, as hydrogen production rate is primarily inﬂuenced
by biomass concentration, which increases initially and decreases eventually along the direction of
culture movement, the overall hydrogen production rate in a PFR may be lower than that in a CSTR.
Finally, in this study fed-batch photoproduction processes are proposed containing only one photo-
bioreactor based on the current simulation.
& 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction
1.1. Introduction of biohydrogen production from different
microorganisms
Molecular hydrogen (H2) is considered as one of the fuels of the
future with greatest potential and environmental friendliness. At
present, the conventional industrial hydrogen production process
almost totally relies upon the utilisation of carbon-based resources
which are limited and not renewable (Cooke et al., 2011). In order to
fulﬁll the world's long-term energy needs, it is essential to ﬁnd low
cost, sustainable and environmentally friendly resources for future
hydrogen production. Recently biohydrogen, the hydrogen pro-
duced by microorganism biosynthesis, has been extensively inves-
tigated due to its outstanding advantages. For example, the energy
source of biohydrogen is solar energy, which is always plentiful and
has a low investment cost (Catalanotti et al., 2013). Although
biohydrogen can be generated by different microorganisms, two
groups, photosynthetic green algae and nitrogen-ﬁxing cyanobac-
teria, are particularly of interest, since they can photosynthetically
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derive H2 from sunlight (Catalanotti et al., 2013; Min and Sherman,
2010).
Chlamydomonas reinhardtii, an outstanding representative of
green algae, has been extensively explored. Previous research
demonstrated that in C. reinhardtii hydrogen is generated by
hydrogenase (Melis et al., 2000). Electrons for hydrogen reduction
are originally provided by water through photosynthesis with the
generation of oxygen. As the activity of hydrogenase is completely
inhibited by oxygen, C. reinhardtii can only produce hydrogen in
anaerobic conditions (Antal et al., 2011). Different methods have
been used to remove oxygen in algal culture, while the generally
accepted method in recent research is to cultivate C. reinhardtii in a
sulphur-free culture (Melis et al., 2000). As algal photosynthetic
activity is signiﬁcantly inhibited without the replenishment of
sulphur, oxygen production rate is signiﬁcantly reduced and even
drops lower than algal respiration rate. Hence, oxygen produced
by oxygenic photosynthesis is totally consumed by algae respira-
tion and anaerobic conditions are achieved.
In addition to hydrogenase, Bandyopadhyay et al. (2010) ﬁnds
that cyanobacteria also process nitrogenase for hydrogen produc-
tion. Cyanothece sp. ATCC 51142 is mainly selected as the typical
cyanobacteria in the current research because its remarkably high
rate of H2 production has never been observed before in any other
hydrogen-producing strains. In spite of having two distinct biologi-
cal enzymes, previous research has demonstrated that the hydrogen
generation rate catalysed by nitrogenase is much higher (Min and
Sherman, 2010). In cyanobacteria, hydrogen reduction by nitrogen-
ase is directed by the nitrogen-ﬁxing metabolic pathway instead of
photosynthesis, and electrons for hydrogen production are usually
provided by the carbohydrate reserved during photosynthesis, or by
an additional carbon source such as glycerol (Tripp et al., 2010;
Bandyopadhyay et al., 2010). As cyanobacterial nitrogenase activity
is inhibited by oxygen and nitrogen source such as nitrate, hydrogen
is usually generated in oxygen and nitrogen deprived cultures. Once
the activity of nitrogenase is stimulated, hydrogen reduction by
nitrogenase can last for a long period even in the absence of
nitrogen gas (Kufryk, 2013; Min and Sherman, 2010).
Compared to green algae, cyanobacteria are given more attention
in current research because of their distinctive advantages. For
example, the proﬁle of cells growth and hydrogen production of both
green algae and cyanobacteria are presented in Fig. 1. It is found that
because of the dramatic damage of photosynthesis activity in green
algae, the decreasing tendency of hydrogen production and cell
growth rates in C. reinhardtii is much sharper than that in Cyanothece
sp. ATCC 51142 (Dechatiwongse et al., 2015; Tamburic et al., 2012,
2013). Furthermore, hydrogen production in cyanobacteria is much
higher than that in green algae. For example Dechatiwongse et al.
(2015) compared the capacity of different microorganisms on hydro-
gen production, and it is found that the maximum hydrogen produc-
tivity of C. reinhardtii is only 6.4 μmol mg Chl1 h1, which is much
less than 225 μmol mg Chl1 h1 of Cyanothece sp. ATCC 51142.
Apart from the higher H2 production rate cyanobacteria can also utilise
nitrogen gas as the nitrogen source, which offers the beneﬁt in terms
of signiﬁcant reduction in nutrient cost. As a result, cyanobacteria are
more suitable for industrial biohydrogen production processes.
Extensive research has been conducted to improve the perfor-
mance of cyanobacteria hydrogen production. For instance, effects
of different nutrients and illumination duration on cyanobacterial
growth rate and hydrogen productivity have been widely explored
(Min and Sherman, 2010; Bandyopadhyay et al., 2010). However,
problems such as the inﬂuence of light intensity and light
wavelength, optimal ratio of nitrogen source to biomass concen-
tration and photobioreactor conﬁguration are still unsolved and
restrict the application of hydrogen production by cyanobacteria.
One way to understand the source of these problems is to construct
an accurate kinetic model for cyanobacteria photoproduction process
simulation and optimisation. Although various kinetic models have
been developed such as the Monod model and the logistic model (Xie
et al., 2012; Bezerra et al., 2008; Dechatiwongse et al., 2014), most of
them are unable to simulate the entire growth phase of cyanobacteria.
For example, the Monod model cannot be used to simulate the decay
phase of green algae and cyanobacteria where hydrogen is mainly
generated (Antal et al., 2011; Melis et al., 2000). The logistic model
assumes that bacterial growth is only a function of bacterial biomass
concentration, which makes it impossible to explore the inﬂuence of
limiting nutrients on bacterial growth (Bezerra et al., 2008).
This study aims to construct an accurate kinetic model capable
of simulating different cyanobacterial growth phases for hydrogen
production. Based on the kinetic model the current research
studies the capacity of different cyanobacterial photoproduction
processes, including batch operation, fed-batch operation and
continuous operation. In order to maximise hydrogen production
in different modes of photobioreactor operation, future work will
also optimise the operating conditions of each photoproduction
process and the conﬁguration of the photobioreactor.
1.2. Growth phases of cyanobacteria
As green algae and cyanobacteria can only generate a signiﬁ-
cant amount of hydrogen in sulphur or nitrogen deprived cultures,
Fig. 1. Comparison of green algal and cyanobacteria hydrogen production rate. (a) Hydrogen production rate and biomass concentration during the time course of
photoproduction reported by Tamburic et al. (2012) in green algae. (b) Hydrogen production rate and biomass concentration during the time course of photoproduction
reported by Dechatiwongse et al. (2015) in cyanobacteria.
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the growth phases of both cyanobacteria and green algae in
nutrient limiting cultures are very complicated. Earlier published
research found that the growth tendency of green algae and
cyanobacteria in terms of time are very similar (Tamburic et al.,
2012; Melis et al., 2000; Dechatiwongse et al., 2015). In the current
research the growth proﬁle is divided into ﬁve growth phases
regulated by different metabolic mechanisms and shown in Fig. 2.
When cells are initially incubated in the fresh medium where
both nitrate (nitrogen source) and carbon source (glycerol) are
present, there is no signiﬁcant increase of biomass concentration
because cells have to adapt themselves to the new growth
environment. This brief period is known as “lag phase”. After the
adaption period, cells start to grow and biomass concentration
increases simultaneously with the decline of both nitrogen source
and carbon source. This period is usually termed as “exponential
growth phase” (ﬁrst growth phase) and lasts until the depletion of
nitrate.
After nitrate is completely consumed, cyanobacteria continue
growing for a period because the nitrogen source has been
reserved in cells during the ﬁrst growth phase. This period is
named as the “ second growth phase”, which is much shorter than
the ﬁrst growth phase. During the second growth phase, cell
growth rate is decreasing due to the continuous consumption of
intracellular nutrients, and this phase ﬁnishes when the bacterial
growth rate has decreased to a point at which it intercepts
the decay rate. A short stationary phase then follows, caused by
the similarity in the rate of cell growth and cell decay. After the
concentration of intracellular nitrogen source drops to its mini-
mum threshold, cells stop growing and the bacterial decay phase
is observed.
Among these ﬁve growth phases, hydrogen is only produced from
the second growth phase to the decay phase, because the activity of
nitrogenase is inhibited in the ﬁrst growth phase. Its activity is not able
to recover until oxygen is exhausted and nitrate concentration is lower
than a speciﬁc threshold (100 mg L−1 observed in the current
experimental research) in the culture. However, the ﬁrst growth phase
is also important for cyanobacterial biohydrogen photoproduction as
cyanobacteria mainly grow in this phase, and a high biomass
concentration is vital for obtaining high hydrogen production. There-
fore, all of the four phases should be included in the current
simulation research. The current research aims to construct dynamic
models for the simulation of cyanobacterial hydrogen production
process. Speciﬁcally, the cultivation condition is chosen as the photo-
heterotrophic growth condition, as glycerol is supplied to suppress
photosynthetic activity and enhance hydrogen production rate
(Tripp et al., 2010; Bandyopadhyay et al., 2010).
2. Material and methods
2.1. Experimental setup
The culture of Cyanothece 51142, purchased from the American
Type Culture Collection (ATCC), was grown in an artiﬁcial seawater
medium–ASP2 (Provasoli et al., 1957) with the addition of 1.5 g L1
NaNO3 and 10 mM of glycerol (99% purity) from Sigma–Aldrich in
250 ml sterile Corning ﬂasks at 301C, pH of 7.4, under continuous
cool-white ﬂuorescent illumination of 10 Wm2 (46 μ E m2 s1).
With 5 days of cultivation, cells achieved their maximum concen-
tration and were then used for inoculation in either batch or
chemostat experimental processes. Detailed illustration of the
current experimental work can be found in Dechatiwongse et al.
(2015).
2.2. Data selection
Two sets of experiments were conducted in a ﬂat plate
photobioreactor (PBR). The ﬁrst set was conducted as a short term
batch photoproduction process lasting for 210 h for cyanobacteria
hydrogen production. All the cyanobacterial growth phases includ-
ing lag phase, exponential phase, stationary phase (short) and
decay phase were observed in the experiment (Fig. 2).
The second set of experiments executed a continuous process
which was switched at the 75th hour from batch mode to continuous
production mode. During the ﬁrst 75 hours of batch mode operation,
cyanobacterial growth phases including the lag phase and the growth
phases were observed. As the ﬁrst set of experiments includes the
whole growth cycle, experimental data in this set are chosen to
estimate parameters in each model. Data in the second set of
experiments are then used to verify the accuracy of different models.
2.3. Challenges of model design
Various kinetic models have been constructed to simulate
microorganism fermentation processes (Xie et al., 2012; Fouchard
et al., 2009; Obeid et al., 2009). Among them the Monod model and
the Droop model are widely employed (Vatcheva et al., 2006). Other
models which are modiﬁed from the Monod model and the Droop
model such as the Contois model and the Luedeking–Piret models
are designed to improve the accuracy of simulation results
(Vatcheva et al., 2006; Obeid et al., 2009). However the challenges
in the current research require modiﬁcations and even novel
methods to be applied on these models for cyanobacteria photo-
production simulation.
Due to the distinctive characters of different cyanobacterial growth
phases, it is difﬁcult to design a kinetic model capable of simulating all
of them. Particularly in the present study the second growth phase,
the stationary phase and the decay phase have to be included as
hydrogen is produced in these phases. Meanwhile, the cyanobacterial
ﬁrst growth phase is also of high importance because both oxygen and
nitrate are consumed in this phase, and biomass concentration which
mainly increases in this phase predominantly determines cyanobac-
teria hydrogen production rate. Hence all of the growth phases except
the lag phase have to be included in the current research, which
makes the design of kinetic models much more complicated.
Another challenge is that simpler strategies to discretise differ-
ential equations (i.e. Implicit Euler) are inadequate for the high
nonlinearity of the proposed models in this work. To ensure the
accuracy of the current models, a high order implicit discretisation
strategy (equivalent to fourth order implicit Runge–Kutta method)
Fig. 2. Growth phases of cyanobacteria. (1) Lag phase; (2) ﬁrst growth phase where
nutrients are presented; (3) second growth phase after nitrate runs out; (4) sta-
tionary phase; and (5) decay phase. This experimental research was reported by
Dechatiwongse et al. (2015). The solid line represents biomass concentration and
the dashed line represents nitrate concentration.
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has been utilised in its place. To simplify the model, recent research
(Zhang et al., under review) proposed a piecewise model which
decomposes kinetic models into different sub-models corresponding
to each growth phase. Parameters in each sub-model therefore can
be accurately calculated from experimental data. Eventually different
sub-models can be combined by switch functions which are similar
to the Heaviside step function, but are differentiable. Even in this
case, attention has to be paid on a widely accepted fact that large
deviations may be induced when a model is used to simulate a
process whose operating conditions are quite different to those of the
experiments.
In order to simulate most of the cyanobacterial growth phases
and accurately predict the performance of unknown photoproduc-
tion processes, in this study two modiﬁed models and two
piecewise models are constructed and analysed.
2.4. Construction of modiﬁed models
Two models modiﬁed from the Droop model and the Contois
model are constructed in the present study. Details of the metho-
dology employed are presented in the following subsections.
2.4.1. The modiﬁed Droop model
The Droop model is a classical model used for fermentation
process simulation (Vatcheva et al., 2006). Compared to other
kinetic models the Droop model assumes that microorganism
growth rate is affected by limiting nutrients in both liquid culture
and inside cells, hence it is able to simulate the second growth
phase where bacteria keep growing by consuming the intracellular
nitrogen source. The intracellular nutrient concentration in the
Droop model is always represented as nutrient quota, Q (mg
nutrient/g biomass), which is deﬁned as the mass ratio of intracel-
lular nutrient to biomass (Vatcheva et al., 2006). Eq. (1a) is used to
calculate microorganism growth rate in the original Droop model
where X denotes biomass concentration, and f ðQ Þ, calculated by Eq.
(1b), denotes the inﬂuence of nutrient quota on the growth rate:
dX
dt
¼ μmax  f Qð Þ  X ð1aÞ
f Qð Þ ¼ 1kQ
Q
ð1bÞ
Three modiﬁcations are made here to the Droop model. First of
all, a normalised nitrogen quota deﬁned in Eq. (2) is used to
replace the unmeasured absolute nitrogen quota. Similarly, to
align to the experimental results, the unit of oxygen concentration
is set as % saturation O2.
q¼ Q
Q0
ð2Þ
where Q0 represents the absolute nitrogen quota of Cyanothece sp.
ATCC 51142 when there is sufﬁcient nitrate and glycerol in the
culture.
Secondly, the production rate of fermentation product in the
original Droop model is calculated by Eq. (3), which is assumed to
be proportional to microorganism growth rate. Because in the
current case cyanobacteria can continuously generate hydrogen
from the second growth phase to the decay phase, the original
Droop model has to be modiﬁed. As a result, Eq. (3) is modiﬁed to
Eq. (4f) which originates from the Luedeking–Piret model (Obeid
et al., 2009):
dP
dt
¼ YP=X 
S
SþKS
 X ð3Þ
Eqs. 4 (a–f) show the details of the Droop model.
Finally, a new term to account for biomass decay is added to the
original Droop model. In Eq. (4a) the ﬁrst term on the right
represents the growth rate, and the second term represents the
respiration rate. This modiﬁcation originates from the Logistic
model which proposes a respiration rate of second order to biomass
concentration for cyanobacteria (Dechatiwongse et al., 2014). Thus
the Droop model is able to simulate a photoproduction process
from the ﬁrst growth phase to the decay phase:
dX
dt
¼ μmax  1
kq
q
 
 C
CþKC
 Xμd  X2 ð4aÞ
dN
dt
¼ YN=X  μmax 
N
NþKN
 C
CþKC
 X ð4bÞ
dq
dt
¼ μmax 
C
CþKC
 Yq=X 
N
NþKN
 1kq
q
 
 q
 
ð4cÞ
dC
dt
¼ YC=X  μmax  1
kq
q
 
 C
CþKC
 X ð4dÞ
dO
dt
¼ YO=X  μmax 
N
NþKN
 C
CþKC
 XYd  μd  X2  f Oð Þ ð4eÞ
dH
dt
¼ KH2 ;1 
dX
dt
þKH2 ;2  X
 
 f Nð Þ  1 f Oð Þð Þ ð4fÞ
where N represents the nitrate concentration in the culture, q
represents the intracellular nitrogen quota, C represents the gly-
cerol concentration, O represents the oxygen concentration, and H
represents the hydrogen production.
The current experimental work leads to the observation that
the activity of nitrogenase is only recovered when the culture is
anaerobic and nitrate concentration is lower than 100 mg L−1. The
switch functions in Eqs. (5) and (6) are used to regulate the start
and termination of hydrogen production. Similarly because the
consumption of oxygen by cyanobacterial respiration is a complex
process, Eq. (6) has to be applied to prevent the simulated oxygen
concentration from becoming negative.
f Nð Þ ¼ 0:5 
N100ð Þ2
 0:5
 N100ð Þ
N100ð Þ2þ0:1
h i0:5 ð5Þ
f Oð Þ ¼ O
O2þ0:1
 0:5 ð6Þ
When the culture is anaerobic (O¼ 0) and nitrate concentration is
lower than its threshold (No100 mg L−1) hydrogen is generated
(f Nð Þ ¼ 1 and f Oð Þ ¼ 0); otherwise hydrogen production is inhib-
ited (f(N) ¼ 0 or f Oð Þ ¼ 1).
2.4.2. The modiﬁed Contois model
The Contois model can be considered as an improvement of the
Droop model Vatcheva et al. (2006). Based on the Droop model,
microorganisms will continue growing as long as nutrients are
sufﬁcient. However, in reality microorganisms can never grow
permanently in a culture even if nutrients are always in excess.
The reason why cells stop growing varies among species, and in
general biomass growth rate decreases with the increasing biomass
concentration. To take this factor into account, in the Contois model
the half-velocity constant is replaced by KS  X, shown in Eq. (7),
which increases with increasing biomass concentration. As a result,
microorganism growth rate decreases with increasing biomass
concentration since the term S=ðSþKS  XÞ decreases with increas-
ing biomass concentration. Therefore the Contois model has a
higher accuracy when biomass concentration is high.
Eqs. 8(a–f) show the details of the Contois model. Parameters in
the Contois model have the same meaning as those in the Droop
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model in Section 2.4.1:
dS
dt
¼ YS 
S
SþKS  X
 X ð7Þ
where S represents the substrate concentration:
dX
dt
¼ μmax  1
kq
q
 
 C
CþKC  X
 Xμd  X2 ð8aÞ
dN
dt
¼ YN=X  μmax 
N
NþKN  X
 C
CþKC  X
 X ð8bÞ
dq
dt
¼ μmax 
C
CþKC  X
 Yq=X 
N
NþKN  X
 1kq
q
 
 q
 
ð8cÞ
dC
dt
¼ YC=X  μmax  1
kq
q
 
 C
CþKC  X
 X ð8dÞ
dO
dt
¼ YO=X  μmax 
N
NþKNX
 C
CþKC  X
 XYd  μd  X2  f Oð Þ ð8eÞ
dH
dt
¼ KH2 ;1 
dX
dt
þKH2 ;2  X
 
 f Nð Þ  1 f Oð Þð Þ ð8fÞ
Overall, the challenges for the modiﬁed models are (1) how to
design a model capable of accurately representing all the distinct
growth periods successively, and (2) how to process the parameter
estimation over 70 experimental points ﬁtted simultaneously, given
that the model that satisﬁes requirement (1) is highly nonlinear.
2.5. Construction of piecewise models
Piecewise models are also constructed in this study, decom-
posing the modiﬁed Droop model and the modiﬁed Contois model
into different sub-models corresponding to different growth
phases (Zhang et al., under review). The aim of discretising a
model into sub-models is to avoid the challenges faced in the
modiﬁed models, and by this means the parameter estimation in
each sub-model therefore is easier to carry out. The challenge for
the piecewise models is to ﬁt different sub-models to the different
stages of the dynamic process. Finally, the switch functions in Eq.
(9) (Fig. 3), are used to combine sub-models and mediate the start
and termination of each sub-model (Zhang et al., under review):
f xð Þ ¼ 0:5  1þ xxTﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
xxTð Þ2þ0:012
q
0
B@
1
CA ð9Þ
2.5.1. The piecewise Droop model
In this study, the piecewise Droop model decomposes the
modiﬁed Droop model into two sub-models which correspond to
cyanobacterial growth phases (including the stationary phase) and
cyanobacteria decay phase, respectively. Although Eq. (1b) is widely
used in the Droop model, it still lacks a theoretical explanation.
Previous research Fouchard et al. (2009) has declared that it is not
applicable for green algae hydrogen production simulation. Since
the expression of f Qð Þ is difﬁcult to determine and as current
experiments cannot measure nitrogen quota, f Qð Þ has to be
replaced in the piecewise Droop model.
In the cyanobacterial ﬁrst growth phase, where both glycerol
and nitrate are still present in excess, it assumes that the loss of
nitrogen quota can be replenished rapidly by nitrate so that the
ﬁrst term on the right hand side of Eq. (4a) is replaced by Eq. (10)
from the Monod model (Vatcheva et al., 2006). During the second
growth phase where only glycerol is present, it is acceptable to use
an average growth rate μ0 to simplify the inﬂuence of the nitrogen
quota on bacterial growth rate, because this phase only lasts for a
short time until the nitrogen quota drops to its minimum thresh-
old (qT):
dX
dt
¼ μmax 
N
NþKN
 C
CþKC
 Xμd  X2 ð10Þ
Similarly, during the ﬁrst growth phase the nitrogen quota can
be simpliﬁed as constant until nitrate in the culture drops to a low
concentration (NT ) which is not enough to replenish the nitrogen
quota. After that the nitrogen quota starts to decrease. After the
exhaustion of nitrate, the total nitrogen quota (q  X) is a constant
because there is no replenishment. Hence it is easy to calculate the
consumption rate of nitrogen quota in each cell by Eq. (11). Finally,
Eqs. 12(a–f) show the details of the piecewise Droop model.
dq
dt
¼  q
X
 dX
dt
¼ μ0  q ð11Þ
dX
dt
¼
μmax  NNþKN  CCþKC  Xþμ0  Xμd  X
2 q4qT
μmax  NNþKN  CCþKC  Xμd  X
2 qrqT
8<
: ð12aÞ
dN
dt
¼ YN=X  μmax 
N
NþKN
 C
CþKC
 X ð12bÞ
dq
dt
¼
0 N4NT
Yq=X  μmax  NNþKN 
C
CþKCμ0  q NrNT
(
ð12cÞ
dC
dt
¼
YC=X;1  μmax  NNþKN  CCþKC  XYC=X;2  μ0  X q4qT
YC=X;1  μmax  NNþKN  CCþKC  X qrqT
8<
:
ð12dÞ
dO
dt
¼ YO=X  μmax 
N
NþKN
 C
CþKC
 XYd  μd  X2 ð12eÞ
dH
dt
¼ KH2 ;1 
dX
dt
þKH2 ;2  X ð12fÞ
2.5.2. The piecewise Contois model
The piecewise Contois model is constructed by the same
method used for the piecewise Droop model construction.
Eqs. 13(a–f) show the details of the piecewise Contois model:
dX
dt
¼
μmax  NNþKN X 
C
CþKC X  Xþμ0  Xμd  X
2 q4qT
μmax  NNþKN X  CCþKC X  Xμd  X
2 qrqT
8<
: ð13aÞ
Fig. 3. Example of switch function. Eq. (9) means when xZxT , f xð Þ ¼ 1; otherwise
f xð Þ ¼ 0.
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dN
dt
¼ YN=X  μmax 
N
NþKN  X
 C
CþKC  X
 X ð13bÞ
dq
dt
¼
0 N4NT
Yq=X  μmax  NNþKN X 
C
CþKC Xμ0  q NrNT
(
ð13cÞ
dC
dt
¼
YC=X;1  μmax  NNþKN X  CCþKC X  XYC=X;2  μ0  X q4qT
YC=X;1  μmax  NNþKN X  CCþKC X  X qrqT
8<
:
ð13dÞ
dO
dt
¼ YO=X  μmax 
N
NþKN  X
 C
CþKC  X
 XYd  μd  X2 ð13eÞ
dH
dt
¼ KH2 ;1 
dX
dt
þKH2 ;2  X ð13f Þ
2.6. The parameter estimation method
In this section the mathematical method used to obtain para-
meters in both piecewise models is described. Once a dynamic model
is designed several values for parameters need to be found. This
results in a parameter estimation problemwhere the parameters that
best ﬁt experimental data need to be found. The parameter estima-
tion for the dynamic model is done by setting up an optimisation
problem. A general optimisation problem is deﬁned as:
min
x
f ðxÞ ð14aÞ
subject to
hðxÞ ¼ 0 ð14bÞ
gðxÞr0 ð14cÞ
where x ARn, f ðxÞ : Rn-R, hðxÞ : Rn-Rm and gðxÞ : Rn-Rr , n is the
number of variables, m is the number of equality constraints and r is
the number of inequality constraints. The objective of an optimisa-
tion problem is to ﬁnd the values of x, for which the minimum value
of f(x) is achieved such that is satisﬁes the constraints h(x) and g(x).
Speciﬁc to the current optimisation function, the bounds x Z0 since
x denotes the concentrations of different substrates (nitrate, oxygen,
glycerol) and biomass.
To obtain the best ﬁtting parameters, the following optimisa-
tion problem is used:
min
p
Xn
i ¼ 1
XDPi
j ¼ 1
xijdij
 2 2
max
i ¼ 1;2;…;n
fdigþ min
i ¼ 1;2;…;n
fdig
ð15Þ
subject to
Kinetic and mass balance equations written in the form:
hðx; pÞ ¼ 0
where n is the number of variables x for which experimental data is
relevant, DP is the number of data points corresponding to variable
xi, dij is the particular data point j corresponding to variable xi.
Finally, p signiﬁes the vector of parameters that need to be
estimated for the particular model being ﬁtted. The optimisation
problem (equation number for the optimisation problem) is a
weighted least squares problem, where the difference between
the experimental data points, and the dynamic model is minimised.
The term
2
max
i ¼ 1;2;…;n
fdigþ min
i ¼ 1;2;…;n
fdig
is a weight factor included in the objective function which is unique
to each variable's data points. This weight factor ensures that all
variables have similar weights in the objective function, and the
parameter estimation procedure ﬁnds the best possible value for
the whole model rather than focusing on speciﬁc sets of variables
whose magnitude is substantially greater than the others.
Several methodologies exist to optimise a model comprised of a
set of Differential-Algebraic Equations (DAE). Computational experi-
ments (Biegler, 2007) have shown that the best approach to
optimise a DAE system is to fully discretise the system, transforming
it into a system of nonlinear algebraic equations and then using a
nonlinear optimisation code to solve the resulting optimisation
problem (Biegler, 2010). This methodology was the one followed to
optimise the parameters for the dynamic model. Discretisation of
the DAE system is carried out through a fourth order orthogonal
collocation method in this work, which is equivalent to a fourth
order implicit Runge–Kutta numerical integration method. Ortho-
gonal collocation methods are high order implicit discretization
methods which provide accurate proﬁles with relatively few ﬁnite
elements as well as good stability when solving stiff systems.
The implementation for the optimisation problems shown in
this work is done in Pyomo, a Python-based optimisation environ-
ment. Speciﬁcally, Pyomo (Hart et al., 2012) is a tool package for
modelling optimisation applications in Python, and is used in our
work to discretise and optimise parameter estimation problems.
The speciﬁc nonlinear programming problem (NLP) solver used to
carry out the optimisation is IPOPT (Wächter and Biegler, 2005)
(used as a library in Pyomo).
3. Results and discussion
3.1. Results of parameter estimation in kinetic models
By carrying out the optimisation method introduced above,
parameters in the modiﬁed Droop model are shown in Table 1,
parameters in the modiﬁed Contois model are shown in Table 2,
parameters in the piecewise Droop model are shown in Table 3 and
parameters in the piecewise Contois model are shown in Table 4. The
values of parameters in the current models are similar with those
shown in the previous publication (Alagesan et al., 2013), and the
greatest value of the least-squares objective functions in the current
parameter estimation process is 6.42, corresponding to the modiﬁed
Contois model which parameters are determined by 70 points.
From Tables 1 to 4, it is found that the half-velocity constant of
glycerol KC is 0. This result is reasonable because only limiting
nutrients can signiﬁcantly affect cyanobacterial growth rate and then
be simulated by kinetic models. In the current research glycerol is
always available during all growth phases of cyanobacteria because it
is used to provide electrons for hydrogen production. Furthermore, its
existence can also facilitate the cyanobacterial O2 consumption so that
the anaerobic circumstance can be guaranteed. Hence the change of
glycerol concentration is only dependent on cyanobacterial
growth rate.
Another interesting result is that KH2 ;1, the hydrogen yield
coefﬁcient accounting for the inﬂuence of cyanobacterial growth
rate on hydrogen production rate, is 0. It means that hydrogen
production is only determined by biomass concentration in the
Table 1
Values of parameters in the Droop model.
Parameter Value Unit Parameter Value Unit
μmax 0.0485 h
1 μd 0.0235 L g
1 h1
Yq=X 0.6536 – kq 0.10 –
KN 19.098 mg L1 KC 0 mg L1
YC=X 14.049 mmol g
1 YN=X 427.40 mg g
1
YO=X 121.65 L g
1 Yd 403.40 L g
1
KH2 ;1 0 mL g
1 KH2 ;2 2.3418 mL g
1 h1
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culture. This may be because in cyanobacterial ﬁrst growth phase
hydrogen production is inhibited due to the existence of nitrate
and oxygen, while in the second growth phase the growth rate is
low and thus has little inﬂuence on hydrogen production rate.
3.2. Comparison of kinetic models
Once parameters in each model are calculated, it is important
to verify and compare the accuracy of different kinetic models.
Meanwhile it is also important to explore the stability of current
models, meaning the inﬂuence of perturbation of parameters on
simulation results, because the kinetic models being used in future
research must possess high stability and accuracy.
To detect the accuracy of these models, the simulation results of
four models are individually compared with the experimental results
of the ﬁrst batch experiment. Figs. 4 and 5 show the comparison of
experimental results and simulation results of different models. From
Fig. 4, it is found that both of the modiﬁed models can ﬁt experi-
mental data well in most phases except the late decay phase (after
the 100th hour) and the brief initial hydrogen production period.
In the late decay phase, both of the modiﬁed models over-
estimate the decay rate of biomass. Compared to the modiﬁed
models, the piecewise models show a better proﬁle in the two
growth phases and the stationary phase, and also more accurate
results in the late decay phase. However, none of the models are
capable of simulating the initial increase of hydrogen production
rate, which is physically mediated by the activity of nitrogenase.
As the activation of nitrogenase is controlled in a complicated way
by the culture nitrate concentration and the shift from aerobic
condition to anaerobic condition, switch functions are applied to
simplify the real metabolic mechanism during this transitory
period, and to ensure the accuracy of the simulation of hydrogen
production rate in most of the other phases.
The high accuracy of piecewise models for experimental data
ﬁtting is attributed to the piecewise model construction strategy
discussed before. The piecewise model construction strategy is able
to punctually mediate the start and termination of each cyanobac-
terial growth phase. Despite the high accuracy of piecewise models,
their high complexity and low ﬂexibility may lower their accuracy if
they are used to simulate a bio-production process whose operating
conditions are quite different with those in the current experiment.
To further verify the accuracy of current models, all of them are
used to predict the performance of a new process, the batch
operation period in the second experiment, which operating
condition is different with the ﬁrst set of batch process. Fig. 6
shows the comparison of simulation results of our four models to
experimental results. From Fig. 6, it is found that although nitrate
concentration is better predicted by the two piecewise models,
biomass concentration is better predicted by the two modiﬁed
models. Hence, it is concluded that although the piecewise models
ﬁt better the experimental data, this does not corresponds to
higher accuracy when modelling an new process.
All the models are then applied to predict the maximum biomass
concentration in the culture where both nitrate and glycerol are
always sufﬁcient. Theoretically bacteria cannot keep growing even if
the culture is always nutrient-sufﬁcient as light is usually limited in
highly dense cultures, and a maximum biomass concentration should
exist. Previous experimental research found that the maximum
cyanobacterial biomass concentration is around 40 mg Chl L−1 (3 g
(dry weight) L−1) if all nutrients are kept sufﬁcient (Dechatiwongse
et al., 2014). Fig. 7 shows simulation results of the modiﬁed Contois
model and the piecewise Contois model when cyanobacteria grow in
a culture with high initial glycerol and nitrate concentrations.
From Fig. 7, it is found that the piecewise Contois model shows
a much higher biomass concentration in the stationary phase
compared to the modiﬁed Contois model. It is easily seen that the
piecewise Contois signiﬁcantly overestimates 3-fold the maximum
biomass concentration. The modiﬁed Contois model predicts a
maximum biomass concentration of 2 g (dry weight) L−1 which is
slightly lower than the experimental result because of the over-
estimated bacterial decay rate. However, this result is much more
accurate compared to the piecewise Contois model.
The reason why the piecewise model has a large error is that in its
construction strategy, parameters are ﬁtted in a speciﬁc growth period
without taking other periods into account. Despite the good ﬁt in the
speciﬁc growth period, large errors may be induced when simulating
other processes. For example, the speciﬁc decay rate, μd, was ﬁtted by
the experimental data only in the cyanobacterial decay phase.
The model thereby can represent adequately the decay phase.
Compared to the piecewise models, the speciﬁc decay rate in the
modiﬁed models were ﬁtted by the experimental data including the
entire growth phase. The model can represent the ﬁrst and second
growth phases well but overestimate the decay phase as the value of μd
is determined in all the experimental data instead of those in the decay
phase. But when the models are applied to simulate a new process, the
modiﬁed models can show higher accuracy as the values of their
parameters are determined by the whole process, while those in the
piecewise models are determined by a speciﬁc period and not being
representative of other periods if the operating conditions are changed.
3.3. Sensitivity analysis of kinetic models
Finally sensitivity analysis is carries out on the different models
presented in this work. A normalised sensitivity is deﬁned by
Eq. (16), which means the proportional change of y (model output)
with respect the proportional change of x (model parameter). The
Table 2
Values of parameters in the Contois model.
Parameter Value Unit Parameter Value Unit
μmax 0.0528 h
1 μd 0.0215 L g
1 h1
Yq=X 0.3788 – kq 0.10 –
KN 53.730 – KC 0 –
YC=X 14.049 mmol g
1 YN=X 430.47 mg g
1
YO=X 123.11 L g
1 Yd 440.93 L g
1
KH2 ;1 0 mL g
1 KH2 ;2 2.3418 mL g
1 h1
Table 3
Values of parameters in the piecewise Droop model.
Parameter Value Unit Parameter Value Unit
μmax 0.035 h
1 μd 0.005 L g
1 h1
μ0 0.016 h1 kq 0.10 –
Yq=X 0.9057 – KC 0 mmol L
1
KN 19.100 mg L1 YN=X 431.87 mg g
1
YC=X;1 13.100 mmol g
1 YC=X;2 32.406 mmol g
1
YO=X 94.631 L g
1 Yd 740.60 L g
1
KH2 ;1 0 mL g
1 KH2 ;2 2.3418 mL g
1 h1
NT 5.00 mg L1 qT 0.50 –
Table 4
Values of parameters in the piecewise Contois model.
Parameter Value Unit Parameter Value Unit
μmax 0.036 h
1 μd 0.005 L g
1 h1
μ0 0.016 h1 kq 0.10 –
Yq=X 0.8806 – KC 0 –
KN 50.933 mg L1 YN=X 430.47 mg g
1
YC=X;1 5.2361 mmol g
1 YC=X;2 38.656 mmol g
1
YO=X 94.781 L g
1 Yd 740.60 L g
1
KH2 ;1 0 mL g
1 KH2 ;2 2.3418 mL g
1 h1
NT 5.00 mg L1 qT 0.55 –
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deﬁnition of the normalised sensitivity in the current works have
two meanings. First, for a speciﬁc parameter, the sensitivities of
different model outputs with respect to this parameter directly
show the signiﬁcance of this parameter on different model out-
puts. Second, for a speciﬁc model output, the sensitivity of this
model output with respect to different parameters indicates which
parameter the model output is most sensitive to. Thus by con-
ducting sensitivity analysis, it is easy to compare the signiﬁcance
of each parameter on different model outputs as well as the
dependence of each model output on different parameters:
Sy=x ¼
dy
dx
 x
y
ð16Þ
where y is simulation result such as biomass concentration; x is
parameter in the model; Sy=x is sensitivity of y with respect to x. A
positive sensitivity means the increase of y can increase x, while a
negative sensitivity means increasing y leads to a decrease of x.
The sensitivities in Eq. (16) were calculated through a dedicated
DAE simulation package written in MathematicaM, which auto-
matically processes symbolically a DAE model and augments it by
the associated parametric sensitivity equations required (Navarro
and Vassiliadis, 2014).
In a kinetic model each parameter has its speciﬁc biological meaning,
and its change may lead to a signiﬁcant change of product yield (Klipp
et al., 2005; Fouchard et al., 2009). By exploring sensitivity analysis,
crucial factors affecting fermentation targets can be found, which can be
used to direct the cultivation of new mutants. Furthermore, a high value
of sensitivity also indicates that the value of the associated parameter
should be calculated more accurately. Since the piecewise models are
found to be insufﬁciently accurate compared to the modiﬁed models, in
this section only the sensitivity of modiﬁed models is studied.
Fig. 4. Comparison of the simulation and experimental results of the ﬁrst batch process experiment. Solid lines represent the simulation results of the Contois model, Dashed
lines represent the simulation results of the Droop model, points are the experimental results.
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In the current research, the model outputs include hydrogen
production, biomass concentration, nitrate concentration, glycerol con-
centration and nitrogen quota, while the model parameters are all the
parameters in the modiﬁed models. Sensitivity of each dynamic
variable with respect to the parameters in both modiﬁed models is
calculated. Figs. 8 and 9 show the sensitivity analysis of the modiﬁed
Contois model and the modiﬁed Droop model, respectively.
From Figs. 8 and 9, it is concluded that the sensitivities in bothmodels
are quite similar. Sensitivity of dynamic variables with respect to model
parameters can be divided into two classes. The ﬁrst class corresponds to
a sensitivity lower than 71:0, which means a 1% change of parameter
can only lead to a small change (less than 1%) on the dynamic variable.
This sensitivity indicates that the dynamic variable is not sensitive to the
change of the parameter. Dynamic variables which belong to this class
are glycerol concentration (the greatest sensitivity with respect to
parameters is less than 70:01), hydrogen production (the greatest
sensitivity with respect to parameters is less than 70:01) and nitrate
concentration (the greatest sensitivity with respect to parameters is less
than 70:5). The second class refers to a sensitivity higher than (71:0),
which indicates that the change of the parameter can lead to a larger
proportional change on the dynamic variable. This sensitivity shows that
the dynamic variable is highly dependent on the parameter. Dynamic
variables such as nitrogen quota (the sensitivity with respect to μmax is
1.6), biomass concentration (the sensitivity with respect to μmax is 1.1)
and oxygen concentration (the sensitivity with respect to YO=X is 2.6)
belong to this class.
The simulation result of oxygen concentration shows that it is
mainly inﬂuenced by YO=X , especially when oxygen concentration is
low. For example, a 1% increase of YO=X leads to a 2.2% increase of
oxygen concentration when oxygen is being consumed. The accu-
racy of μmax, μd and kq is important to biomass and nitrogen quota
concentration. For instance, μmax dominates biomass and nitrogen
quota concentration during the cyanobacterial ﬁrst growth
phase, while the inﬂuence of kq and μd becomes crucial in the
Fig. 5. Comparison of the simulation and experimental results of the ﬁrst batch mode experiment. Solid lines represent the simulation results of the piecewise Contois
model, Dashed lines represent the simulation results of the piecewise Droop model, points are the experimental results.
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cyanobacterial stationary phase and decay phase. KN and YN=X only
show small effects on nitrate concentration when nitrate is being
consumed.
Overall it is concluded that in the present study most of the
dynamic variables are not sensitive to the change of parameters. To
enhance biomass concentration and hydrogen production, μmax should
be increased while both μd and kq should be decreased. To facilitate
the start of anaerobic conditions, YO=X should be decreased. Addition-
ally, the value of these parameters should also be veriﬁed in future
research as it signiﬁcantly affects the accuracy of current models.
Finally by comparing the performance of different models, the present
research ﬁnds that both the modiﬁed Droop model and the modiﬁed
Contois model have high accuracy and can be used for further work.
The drawbacks of piecewise models restrict their further application
and thus they are not suitable for further research.
3.4. Simulation of continuous photoproduction process
In the present continuous photoproduction experiment, fresh
cyanobacteria and nutrients including glycerol and nitrate are
continuously pumped into the ﬂat plate photobioreactor (PBR)
after the 75th hour when the process operation was started. The
operating conditions and experimental results are listed in Table 5.
In the current ﬂat plate PBR, recycling gas is used to prevent the
aggregation of cyanobacteria and enhance the distribution of biomass
and nutrients, while the gas recycling rate is not high due to two main
limitations (Zhang et al., 2015). The ﬁrst limitation is that ﬂuid stress led
by high recycling rate will be intense enough to break cyanobacteria. The
second limitation is that bubble volume concentration increases with the
increasing recycling gas, and it can signiﬁcantly enhance the reﬂection of
light passing through the PBR. As a result, no enough light can be
absorbed by cyanobacteria for their growth and hydrogen production.
Therefore, the present study revised both the modiﬁed Droopmodel and
the modiﬁed Contois model for continuous photoproduction process
simulation. Two types of kinetic models are built with the assumption
that the PBR is operated as CSTR or PFR, respectively. This is because it is
unclear if the recycling gas rate is high enough to keep a uniform
distribution of biomass and nutrients in the current PBR.
For a CSTR type reactor, the culture inside the reactor is well
mixed. Eqs. 17(a–f) show the revised modiﬁed Droop model for the
dynamic CSTR photoproduction process. A dynamic PFR
Fig. 6. Comparison of the simulation and experimental results of the second batchmode experiment. (a) Results of biomass concentration, solid line: themodiﬁed Contois model; dashed
line: the modiﬁed Droop model. (b) Results of nitrate concentration. solid line: the modiﬁed Contois model; dashed line: the modiﬁed Droop model. (c) Results of biomass concentration,
solid line: the piecewise Contois model; dashed line: the piecewise Droop model. (d) Results of nitrate concentration. solid line: the piecewise Contois model; dashed line: the piecewise
Droop model. Red points are experimental results. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this article.)
Fig. 7. Simulation results of the piecewise Contois model and the modiﬁed Contois
model when both nitrate and glycerol are always in excess in the culture.
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photoproduction process is much more complicated. Because the
concentration of biomass and nutrients changes along culture
movement direction and operation time, kinetic models have to
be revised to partial differential equations. To simplify the dynamic
PFR model, only the performance of PFR photoproduction process
under steady state is analysed. Eqs. 18(a–f) show the PFR steady
state model:
dX
dt
¼ μmax  1
kq
q
 
 C
CþKC
 Xμd  X2þDi  X1Xð Þ ð17aÞ
dN
dt
¼ YN=X  μmax 
N
NþKN
 C
CþKC
 XþDi  N1Nð Þ ð17bÞ
dq
dt
¼ μmax 
C
CþKC
 Yq=X 
N
NþKN
 1kq
q
 
 q
 
þDi  q1q
 
ð17cÞ
dC
dt
¼ YC=X  μmax  1
kq
q
 
 C
CþKC
 XþDi  C1Cð Þ ð17dÞ
dO
dt
¼ YO=X  μmax 
N
NþKN
 C
CþKC
 XYd  μd  X2  f Oð ÞþDi  O1Oð Þ
ð17eÞ
dH
dt
¼ KH2 ;1 
dX
dt
þKH2 ;2  X
 
 f Nð Þ  1 f Oð Þð Þ ð17fÞ
Fig. 8. Sensitivity analysis of the modiﬁed Contois model. (a) Sensitivity of biomass w.r.t. parameters in the modiﬁed Contois model; (b) sensitivity of glycerol w.r.t.
parameters in the modiﬁed Contois model; (c) sensitivity of nitrate w.r.t. parameters in the modiﬁed Contois model; (d) sensitivity of oxygen w.r.t. parameters in the
modiﬁed Contois model; (e) sensitivity of hydrogen w.r.t. parameters in the modiﬁed Contois model; and (f) sensitivity of nitrogen quota w.r.t. parameters in the modiﬁed
Contois model. Sensitivity analysis was only conducted when the substrate or biomass existed in the culture. Speciﬁc to hydrogen, the ﬁnal time was chosen as the 120th
hour beyond which a signiﬁcant decrease of biomass concentration and hydrogen production rate was found.
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In the current research, hydrogen is captured from the top of
the PBR instead of the efﬂuent culture. Because hydrogen produc-
tion rate is only dependent on the biomass concentration and
independent of the removal method, it is acceptable to assume
that hydrogen is trapped in the reactor permanently in both the
CSTR process and the PFR process. Speciﬁc to the PFR process
where steady state is assumed, hydrogen production has to be
changed to hydrogen production rate (Hr ;mL L1 h
1) which is a
Fig. 9. Sensitivity analysis of the modiﬁed Droop model. (a) Sensitivity of biomass w.r.t. parameters in the modiﬁed Droop model; (b) sensitivity of glycerol w.r.t. parameters
in the modiﬁed Droop model; (c) sensitivity of nitrate w.r.t. parameters in the modiﬁed Droop model; (d) sensitivity of oxygen w.r.t. parameters in the modiﬁed Droop
model; (e) sensitivity of hydrogen w.r.t. parameters in the modiﬁed Droop model; (f) sensitivity of nitrogen quota w.r.t. parameters in the modiﬁed Droop model. Sensitivity
analysis was only conducted when the substrate or biomass existed in the culture. Speciﬁc to hydrogen, the ﬁnal time was chosen as the 120th hour beyond which a
signiﬁcant decrease of biomass concentration and hydrogen production rate was found.
Table 5
Operating conditions and results of the continuous photoproduction process.
Initial O2 0.0% Initial biomass 0.8 g L−1 Initial nitrate 0.0 mg L−1
Initial glycerol 30 mM Initial hydrogen 0.0 mL Inﬂuent O2 30%a
Inﬂuent biomass 2.0 g L−1 Inﬂuent nitrate 1470 mg L−1 Inﬂuent glycerol Sufﬁcient
Efﬂuent O2 0.0% Efﬂuent biomass 1.5 g L
−1 Efﬂuent nitrate 0.0 mg L−1
Efﬂuent glycerol 30 mM Total hydrogen 1750 mL Dilution rate 0.015 h1
Operation time 750 h Reactor length 0.2 m Reactor volume 1 L
a The inﬂuent oxygen concentration eventually drops to 0% because of the consumption by cyanobacteria in the tubular photobioreactor. Initial concentration of
nutrients listed in the table is at the beginning of continuous operation, instead of the beginning of batch operation.
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constant at steady state. The derivation of Eq. (19) is shown below:
dX
dl
¼ μmax  1
kq
q
 
 C
CþKC
 Xμd  X2
	 

= Di  Lð Þ ð18aÞ
dN
dl
¼ YN=X  μmax 
N
NþKN
 C
CþKC
 X
	 

= Di  Lð Þ ð18bÞ
dq
dl
¼ μmax 
C
CþKC
 Yq=X 
N
NþKN
 1kq
q
 
 q
 	 

= Di  Lð Þ ð18cÞ
dC
dl
¼ YC=X  μmax  1
kq
q
 
 C
CþKC
 X
	 

= Di  Lð Þ ð18dÞ
dO
dl
¼ YO=X  μmax  N
NþKN
 C
CþKC
 XYd  μd  X2  f Oð Þ
	 

= Di  Lð Þ ð18eÞ
dHr
dl
¼ KH2 ;1 
dX
dt
þKH2 ;2  X
 
 f Nð Þ  1 f Oð Þð Þ
	 

=L ð18f Þ
Hr ¼
Z L
0
KH2 ;1  dXdtþKH2 ;2  X
   A  f Nð Þ  1 f Oð Þð Þ  dl
L  A ð19Þ
where A is cross-section area of PBR perpendicular to culture
movement direction, L is length of PBR along culture movement
direction.
Table 6 shows the simulation results of dynamic CSTR photo-
production process and steady state PFR photoproduction process
of different modiﬁed models. It is found that the simulation results
of the modiﬁed Droop model and the modiﬁed Contois model are
similar. By comparing the simulation and experimental results of
total hydrogen production, it is indicated that the ﬂat plate PBR is
not well mixed because of the low gas recycling rate, as the
hydrogen production measured from the experiment is between
that from the CSTR and the PFR. The experimental results of
efﬂuent biomass concentration and efﬂuent nitrate concentration
further indicates that the current PBR is operated more similarly to
a PFR since the experimental results are closer to the PFR results.
From Table 6, it is also found that the CSTR operation has higher
efﬂuent biomass concentration and hydrogen yield (production)
compared to the PFR operation. Generally, PFR operation is known
to have higher product yield and reactant conversion efﬁciency
compared to CSTR operation while it cannot guarantee a higher
product yield compared to CSTR if the product is an intermediate.
In the current research, because cyanobacteria grow when nitrate
is present and then decay after the consumption of nitrate,
biomass can be regarded as an intermediate in the current
photoproduction process. As hydrogen production rate is propor-
tional to biomass concentration (Eq. (4f)), a PFR is not guaranteed
to provide a higher hydrogen production rate compared to a CSTR.
Another potential reason is that hydrogen can only be produced
at the place where both nitrate concentration and oxygen concen-
tration are lower than their threshold. In a CSTR the concentration
of oxygen and nitrate is uniform and can be maintained lower than
the threshold. Hence hydrogen is produced in the whole range of
the reactor. However, as the concentration of nitrate and oxygen
decreases along the direction of culture movement in a PFR, only
part of the reactor contains low oxygen and nitrate concentration
and can produce hydrogen (Fig. 10). As a result, a CSTR is possible to
have a higher hydrogen production rate compared to a PFR in the
current operating conditions. However once the operating condi-
tions are changed, it is still uncertain if a PFR will have a better
performance compared to a CSTR.
3.5. Fixed volume fed-batch process design
The present experimental research has explored the capacity of
both batch and continuous operation processes. Although it has
conﬁrmed that the continuous operation process has much higher
hydrogen yield compared to the batch process, the incompatible
cyanobacterial growth phase (with sufﬁcient nitrate) and hydro-
gen production phase (nitrate concentration lower than 100 mg/L)
lead to the continuous photoproduction process executed by
connecting two reactors (one for cell growth and the other for
hydrogen production) (Dechatiwongse et al., 2015). To facilitate
single PBR hydrogen production photoproduction process, two
kinds of fed-batch processes, a ﬁxed volume process and a variable
volume process are studied in the present simulation study.
For a ﬁxed volume fed-batch process, the inﬂuent ﬂow rate is
constant and low so that the total volume of inﬂuent is negligible.
To provide enough nutrients for cyanobacterial growth and hydro-
gen production, nutrients in the inﬂuent are always highly con-
centrated. In the current work, the design variables of the ﬁxed
volume fed-batch process are the switch time from batch opera-
tion to fed-batch operation, the inﬂuent ﬂow rate and the inﬂuent
nitrate concentration. The glycerol inﬂuent concentration is not
chosen as the design variable since its concentration has to be in
excess during the whole process.
At the beginning of the process, the photobioreactor is operated as
the batch system same to the current experiment. Since the current
experiment found that a sharp decline of the hydrogen production
rate and biomass concentration starts around the 150th hour, this time
is chosen as the switch time and the inﬂuent is continuously added to
the reactor from that point onwards. To ensure the total feed volume is
negligible (for example, less than 0.1 L) , the feeding rate has to be
lower than 0.00016 L h−1 so that at the end of operation the culture
volume is less than 1 L. To enhance hydrogen production and biomass
concentration, the feed contains concentrated nitrate (1.61 mol L−1) so
that the culture can have sufﬁcient nitrate for cyanobacteria growth.
Table 6
Simulation results of continuous photoproduction process.
Reactor Model Biomass
(g L−1)a
Nitrate
(mg L−1)a
Hydrogen
(mL)
O2ð%Þ
PFR Modiﬁed
Contois
1.664 0.00 1365 0.00
Modiﬁed Droop 1.632 0.00 1284 0.00
CSTR Modiﬁed
Contois
1.924 92.6 2334 0.01
Modiﬁed Droop 1.795 26.6 2144 0.01
Experimental results 1.5 0.0 1750 0.0
a Biomass concentration and nitrate concentration represent the efﬂuent
concentration.
Fig. 10. Relative concentration of biomass, nitrate and oxygen along the length of
PBR in steady state PFR photoproduction process. The relative concentration is
deﬁned as x=xmax, where x refers to the concentration of any substrates or biomass.
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Table 7 shows the operating conditions of the ﬁxed volume fed-batch
process designed in the current research.
3.5.1. Kinetic model for ﬁxed volume fed-batch process simulation
For a fed-batch process the reactor is usually designed similar
to a CSTR, because at the beginning period the photoproduction
process is operated as a batch system and the culture is well
mixed. Additionally, the reactor in a fed-batch photoproduction
process can rarely be designed as PFR without the provision of
fresh biomass, otherwise all of the biomass in the reactor will be
ﬂushed away. The current study thereby assumes that the PBR in
fed-batch photoproduction process is operated as a CSTR (thus gas
recycling rate has to be increased). Because of the high similarity
of both modiﬁed models, only the modiﬁed Droop model is used
in this section for process simulation. Eqs. 20(a–f) show the
revised modiﬁed Droop model for ﬁxed volume fed-batch process:
dX
dt
¼ μmax  1
kq
q
 
 C
CþKC
 Xμd  X2 ð20aÞ
dN
dt
¼ YN=X  μmax 
N
NþKN
 C
CþKC
 XþF  N1 ð20bÞ
dq
dt
¼ Yq=X  μmax 
N
NþKN
 C
CþKC
μmax  1
kq
q
 
 C
CþKC
 q ð20cÞ
dC
dt
¼ YC=X  μmax  1
kq
q
 
 C
CþKC
 XþF  C1 ð20dÞ
dO
dt
¼ YO=X  μmax 
N
NþKN
 C
CþKC
 XYd  μd  X2  f Oð ÞþF  O1 ð20eÞ
dH
dt
¼ KH2 ;1 
dX
dt
þKH2 ;2  X
 
 f Nð Þ  1 f Oð Þð Þ ð20f Þ
Eq. (9) is used to control the start of feed addition.
3.5.2. Results of ﬁxed volume fed-batch photoproduction process
simulation
Fig. 11 shows the simulation results of ﬁxed volume fed-batch
process. From Fig. 11, it is concluded that at the beginning of feed
initiation, there is a signiﬁcant increase of nitrate concentration as well
as a slight increase of oxygen concentration. Because of the replenish-
ment, biomass concentration increases and even exceeds the highest
biomass concentration during batch operation. Following that, nitrate is
always present in the culture and its concentration is controlled lower
than 50mg L−1. Oxygen is rapidly consumed by biomass due to the
high biomass density and anaerobic condition is maintained.
On the contrary, during the ﬁrst period of feed addition,
hydrogen production rate declines to zero because of the inhibi-
tion of nitrate and oxygen on nitrogenase activity. After nitrate
concentration drops lower than its threshold and oxygen deple-
tion, nitrogenase activity is recovered and hydrogen production
rate is signiﬁcantly increased compared to the batch system. This
is mainly due to the increasing biomass concentration. At the end
of the process, total hydrogen production is 1560 mL L−1.
3.6. Variable volume fed-batch process design
For a variable volume fed-batch process the volume of the
medium in the photobioreactor varies with time because of the
feed addition, thus the photobioreactor cannot be fully loaded at
ﬁrst. In the present design, it is assumed that the initial culture
volume in the PBR is 0.5 L (half capacity) and the switch time is
also at the 150th hour. The feeding rate is set as 0.0008 L h−1 so
that the reactor is ﬁlled at the end of process. Because of the signi-
ﬁcant volume of inﬂuent, nutrients in the inﬂuent are not as
concentrated as those in the ﬁxed volume fed-batch process. The
nitrate concentration in this case is calculated as 0.16 mol L−1 (10 g
L−1), and oxygen concentration is also set as 90% saturation. To
ensure the same mass of cyanobacteria for hydrogen production,
the initial biomass concentration in this process is set as 0.4 g L−1.
Table 8 shows the operating conditions of variable volume fed-
batch process designed in the current research.
3.6.1. Kinetic model for variable volume fed-batch process
simulation
Eqs. 21(a–g) show the revised modiﬁed Droop model for
variable volume fed-batch process:
dX
dt
¼ μmax  1
kq
q
 
 C
CþKC
 X  Vμd  X2  VF  X
 
=V ð21aÞ
dN
dt
¼ YN=X  μmax 
N
NþKN
 C
CþKC
 X  VþF  N1Nð Þ
 
=V ð21bÞ
dq
dt
¼ Yq=X  μmax 
N
NþKN
 C
CþKC
μmax  1
kq
q
 
 C
CþKC
 q ð21cÞ
dC
dt
¼ YC=X  μmax  1
kq
q
 
 C
CþKC
 X  VþF  C1Cð Þ
 
=V
ð21dÞ
dO
dt
¼ YO=X  μmax  N
NþKN
 C
CþKC
 XYd  μd  X2  f Oð Þþ
F
V
 O1Oð Þ ð21eÞ
dH
dt
¼ KH2 ;1 
dX
dt
þKH2 ;2  X
 
 f Nð Þ  1 f Oð Þð Þ ð21fÞ
dV
dt
¼ F ð21gÞ
Similar with the ﬁxed volume fed-batch process model, Eq. (9)
is used to control the start of feed addition.
3.6.2. Results of fed-batch photoproduction process simulation
Fig. 12 shows the simulation results of variable volume fed-
batch process. From Fig. 12, it is concluded that the performance of
the variable volume fed-batch process is similar with the ﬁxed
volume fed-batch process. However oxygen concentration in the
culture at the beginning of feed addition is much higher than that
in the ﬁxed volume fed-batch process. This increase does not
inﬂuence much the hydrogen production because the high respira-
tion rate of cyanobacteria rapidly consumes the inﬂuent oxygen.
Table 7
Operating conditions of ﬁxed volume fed-batch process.
Initial biomass concentration 0.2 g L−1 Initial oxygen concentration 20%
Initial nitrate concentration 150 mg L−1 Inﬂuent biomass concentration 0.0 g L−1
Inﬂuent oxygen concentration 90% Inﬂuent nitrate concentration 100 g L−1
Feeding rate 0.00016 L h−1 Glycerol concentration Sufﬁcient
Operation time 750 h Switch time 150th hour
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Another difference between the two processes is that in the
variable volume fed-batch process, biomass concentration slightly
decreases with time after operation switch. The decrease of
biomass concentration is mainly because cyanobacterial growth
rate is not high enough to offset the dilution by the feed. As a
result, hydrogen production rate in this process also slightly
decreases with time. The total hydrogen production in this process
is 1529 mL L1.
3.7. Comparison of hydrogen production in different process
From Table 9, it is found that the total hydrogen production of
both fed-batch photoproduction processes are higher than in the
batch process, but only 87% of the continuous photoproduction
process even though biomass concentration in these processes is
similar. This is probably due to the brief nitrogenase inactivation
period in both fed-batch processes at the start of feed addition.
However a fed-batch photoproduction process only needs one PBR
and its dilution rate is lower than that in the continuous process,
thus both equipment investment and electricity costs can be
reduced.
4. Conclusions and future research
The present study set up two modiﬁed models and two piecewise
models, based on the Droop and the Contois models, to simulate
different cell growth phases in cyanobacterium (Cyanothece sp. ATCC
51142) biohydrogen photoproduction process. Parameters in each
model have been estimated via a collocation optimisation method
using the full dynamic models directly. By comparing the experimen-
tal and simulation results, it is concluded that the piecewise models
present a better ﬁtting to experimental measurements compared to
the modiﬁed models. The modiﬁed models can accurately simulate
most of cyanobacterial growth phases except the late decay phase and
the initial hydrogen production period. However, when the models are
applied to simulate a new process, the modiﬁed models may show
higher accuracy compared to the piecewise models.
The present research simulated the two-stage continuous
photoproduction process designed in the current experiment.
Because of the high inﬂuent biomass and nutrient concentration,
low gas recycling and culture dilution rate, it is proposed that the
current PBR is not well mixed in the current experimental work.
The current research then simulates the continuous process with
the assumption that the PBR is operated either as PFR or as CSTR.
By comparing the experimental and simulation results, it is
concluded that the current PBR is more similar to a PFR, and
supported the hypothesis that the PBR is not well mixed.
It is found that a PFR has lower efﬂuent biomass concentration
and total hydrogen production compared to a CSTR in the current
experimental operating conditions based on the current simula-
tion, although a PFR is generally known to show higher product
yield and reactant conversion efﬁciency. By analysing the simula-
tion results, the current study proposes two potential reasons to
explain this observation. The ﬁrst reason is that hydrogen produc-
tion rate is proportional to biomass concentration whose beha-
viour is quite similar to an intermediate, and thus a PFR cannot
produce a higher product yield. The second reason is that hydro-
gen can be only generated in the volume where both oxygen and
nitrate are low in a PFR, and the total volume of a PFR is thereby
not well utilised under the current operating conditions. None-
theless, it should be emphasised that once the operating condi-
tions are changed, a PFR has the potential of better performance
compared to a CSTR, and further experiments should be conducted
to compare the performance of PFR and CSTR to verify the
accuracy of the current work.
The current research ﬁnally presents the simulation of two fed-
batch photoproduction processes to explore the feasibility of a
single PBR continuous photoproduction process. From the compar-
ison of simulation and experimental results, it is found that the total
hydrogen produced in a fed-batch photoproduction process is 87%
of a continuous process, while its capital cost expected to be lower
as one reactor vessel is required for this process. Because light
intensity and PBR conﬁguration are vital to cyanobacterial growth
and hydrogen production, future work will include these aspects so
as to obtain optimised conﬁgurations in tandem with the optimisa-
tion of operating conditions for the reactors proposed.
Fig. 11. Simulation results of the ﬁxed volume fed-batch process. (a) Biomass concentration ð1g L1Þ and hydrogen production ð1000 mL L1Þ; (b) oxygen concentration
(1%) and nitrate concentration ð10mg L1Þ.
Table 8
Operating conditions of variable volume fed-batch process.
Initial biomass concentration 0.4 g L−1 Initial oxygen concentration 20%
Initial nitrate concentration 150 mg L−1 Inﬂuent biomass concentration 0.0 g L−1
Inﬂuent oxygen concentration 90% Inﬂuent nitrate concentration 10.0 g L−1
Feeding rate 0.0008 L h−1 Glycerol concentration Sufﬁcient
Operation time 750 h Switch time 150th hour
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Identiﬁability of the current system has not been considered in
our work so far. In as much as it is desirable to know that the true
values of parameters involved in a model can be known, consti-
tuting what model identiﬁability is, this aspect is rarely considered
in biochemical reaction systems and more particularly it has not
been considered in any of the numerous publications reviewed in
producing the work presented here. While theoretically valuable,
most work in the ﬁeld of biochemical reaction systems adopts a
practical approach where parameter values can be compared to
published known values for individual kinetic mechanisms, esti-
mated usually from different experimental setups and systems.
From this point of view, the values we have estimated for kinetic
parameters in this work is in relatively very good agreement with
published values, as mentioned throughout the paper. Nonetheless
future work needs to address this aspect rigorously as it plays an
important role in obtaining reliable models for process systems.
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